This paper evaluates the German health care reform of 1997, using the individual number of doctor visits as outcome measure and data from the German Socio-Economic Panel for the years 1995-1999. A number of modified count data models allow us to estimate the effect of the reform in different parts of the distribution. The overall effect of the reform was a 10% reduction in the number of doctor visits. The effect was much larger in the lower part of the distribution than in the upper part.
INTRODUCTION
Expenditures for health services make up a substantial portion of total GDP in all OECD countries. For most countries, health expenditures as a share of total GDP have trended upward over the last years and decades. In Germany, for example, the share increased from 8.4% in 1980 to 10.5% in 1996 (Breyer and Zweifel, 1999) . The most commonly cited reasons for this increase are the expanding technological possibilities in the health service sector as well as the ageing of the population, coupled in many countries with a large public health sector where the incentive structures may not promote efficient use of resources.
One such country with a large publicly funded health sector is Germany. There have been regular attempts to reform the health care system in order to reduce cost. The purpose of this paper is to evaluate the success of a major reform that took place in 1997. In that reform, the co-payments for prescription drugs were raised by up to 200%. In addition, a modified budget system imposed upper limits for reimbursements of physicians by the state insurance.
The contribution of this paper is twofold. First, it provides an answer to the substantive question whether or not the health care reform of 1997 has been a success, using as outcome measure the individual number of visits to a doctor. Second, it makes the case that in situations such as the evaluation of health care reform, it is very important to entertain the possibility that the reform effect may differ in different parts of the distribution. Crucial information may thus get lost in single index models such as the Poisson or negative binomial models. This limits their usefulness. Instead, hurdle models, among them a newly developed probit-Poisson-log-normal model, and finite mixture models offer additional flexibility. The overall effect turns out to be quite substantial, a 10% reduction in the number of doctor visits. The effect is much larger in the lower part of the distribution (for the choice between having no visit or at least one visit) than in the upper part of the distribution (the number of visits given at least one visit).
if any). The demand for prescription drugs and the demand for doctor visits are closely related, and they might be complements indeed.
The 1997 reform increased the out-of-pocket expenses for prescription drugs. To obtain a prescription, one has to see a doctor, the doctor has to fill out a prescription, and one has to go to the pharmacy. Several responses to the price increase are possible, including influencing the doctor to prescribe a larger package size, or not seeing a doctor at all. Both behavioural changes would reduce the number of visits to a doctor. Alternatively, one might still see a doctor in order to seek advice on non-prescription or self-treatment, or one might see a doctor but decide not to buy the drug. In either case, the number of visits would tend to be unaffected by the increased co-payment. If there is a combination of the two effects, the number of visits will go down, and it is an empirical question to quantify the magnitude of the overall effect.
Finally, it is worth noting that the 1997 reform enjoyed only a short lifespan. A new coalition government led by the social democrats emerged from general elections held in 1998. The partial repeal of the 1997 reform was one of the first items on the political agenda, and a new law lowered the co-payments by between DM 1 and DM 3, effective January 1, 1999. From an econometric point of view, this second reform is a fortuitous occurrence, as it introduces an additional source of variation in the health environment that can be used to identify individual responses.
A PREVIOUS STUDY
The consequences of the German health care reform of 1997 on the demand for health services were previously assessed by Lauterbach et al. (2000) . The study was based on data collected in October-December 1998 in Cologne among visitors to pharmacies. In order to be included in the sample, one had to be covered by the social insurance, be aged 18 or older, suffer from an acute or chronic illness, and not be exempted from the co-payment. 10,000 questionnaires were distributed and 695 returned.
The Cologne study included a number of different outcome measures. I concentrate here on the number of visits to a doctor. Those who responded to the survey reported on average 9.2 doctor visits over the previous 12 months. 80.2% of all respondents said that the health care reform had no effect on the number of visits. 8.6% reported that they had 'given up' one visit, while 11.2% said that they had 'given up' more than one visit in response to the reform. Based on this information, Lauterbach et al. estimate a reduction of consultations by 4.5%. Thus, the effect of the policy change is economically substantial.
But how robust is this result? The study has a number of shortcomings that may affect the conclusions. The sample size is small and the response rate is very low, raising the issue of response bias. More importantly, the sampling design induces an overrepresentation of heavy users. This is an example for so-called 'on-site', or endogenous, sampling (see Santos Silva, 1997 for a clear discussion of this issue). Presence at a pharmacy is highly correlated with a previous doctor visit. Hence, the inclusion in the sample depends on the outcome of the dependent variable, and the results cannot be representative for the population at large. Occasional users of health care services are underrepresented, and non-users are excluded a priori.
There are two possible responses to this problem. The first would consist of using appropriate econometric techniques to correct for the endogenous sampling, effectively inferring from the distributional form of observations conditional on visits the probability of being included in the sample. Of course, this approach requires that the same model applies to those observed in the sample and those not observed (the 'users' and the 'non-users'), an assumption that can be questioned in the present context. Therefore, if one wants to estimate the effect of the reform in the overall population, one needs a random sample of the entire population, such as is provided for instance by the German Socio-Economic Panel (GSOEP).
Details of this annual household survey are given in the next section. It offers a number of advantages in addition to the representativeness of the sample. In particular, it gives independent measurements of the number of doctor visits before and after reform, from where the change can be computed. This is likely to yield a more accurate estimate than a retrospective self-assessment of the direction of response to reform as considered in the above study. Finally, the GSOEP contains a rich set of other socioeconomic characteristics that can be used as control variables, and the individual number of doctor visits over time can be modelled directly using count data models.
DATA
The GSOEP is an ongoing annual household survey that was started in 1984 (SOEP Group, 2001) . For the purpose of this study, I select a period of five years centred around the year of the reform, i.e., [1995] [1996] [1997] [1998] [1999] . The GSOEP has a few variables relating to the usage of the health service. One of them is the number of visits to a doctor during the previous three months. In some earlier years, this question was asked separately for visits to a general practitioner and visits to a specialist, separately by field. However, only the aggregate count is available in the 1995-1999 waves. Visits to a dentist are included in the definition.
The basic empirical strategy, as detailed in the next section, is to pool the data over the five years and estimate the effects of the reforms by comparing the expected number of visits in 1998 and 1996 ceteris paribus, i.e., for an individual with given characteristics. The years 1998 and 1996 are chosen since the reform took place in mid-1997. Thus, depending on the interview month, some 1997 observations fell before the reform and some after. Another argument for using the longer time span is a reduced risk of bias due to timing considerations. For instance, people might have developed an 'extra demand' for doctor visits just prior to the reform in anticipation of the upcoming changes.
The models that will be estimated in the following sections all include a systematic component (linear predictor) of the type The reference year is 1995. In addition, there are three dummies for the quarter in which the interview took place (winter, autumn, spring). The linear predictor will be embedded in various alternative count data models, starting with the Poisson model. It is assumed that the reform effect is the same for all groups of the population or, alternatively, that the interest lies in the average response. One could allow for heterogeneous responses by estimating the model for subgroups, or including interaction terms.
There are three general channels through which these variables can affect the demand for doctor visits. The first is the underlying health status, the second the budget constraint, and the third the preference formation. The health status is poorly measured in the GSOEP. In particular, no details of current medical conditions are known. A time-consistent measure of health over 1995-1999 is provided by a subjective self-assessment in response to the question: 'How good do you perceive your own health at current?', with responses 'very good', 'good', 'fair', 'poor' and 'very poor'. The two best responses are classified as 'good health', the two worst responses as 'bad health', with fair health being the reference group. Another proxy for health is the age polynomial. Finally, engaging in 'active sports' (defined as a weekly or higher frequency) acts as a further proxy for good health, although it might have an additional direct effect on the demand for health services as well. Clearly, these are only crude measures of health, and one may want to account for the possibility of additional unobserved heterogeneity to capture any remaining health aspects, as well as other unobserved influences.
The budget constraint is determined by income and prices. The main price variables are the opportunity costs of a visit to a doctor which, in turn, depend on education level and employment status. The influence of insurance status cannot be modelled in any meaningful way. The number of uninsured persons in Germany is too small to be empirically relevant, and privately insured persons are excluded from the analysis, mainly because no systematic information on the nature of the insurance contract is available.
Several of the variables affect more than one aspect at a time. Age, for instance, matters for health, opportunity cost (through the effect of experience on earnings) as well as potentially preferences. Similarly, education is an important factor in determining the optimal investment in health capital (Grossman, 1972) . It is not the goal of this paper to disentangle these various transmission channels. Rather, the focus lies on the year dummies, whereas the other right-handside variables serve as controls for any effects these variables might have on the changes in visits over time.
ECONOMETRIC MODELS

Poisson Model
The standard probability distribution for count data is the Poisson distribution:
In a regression model, we assume that the population is heterogeneous with covariates x i , and
and estimation of the parameters by maximum likelihood is straightforward. 455-472 (2004) Furthermore, the reform effect, typically defined as the relative change in expected doctor visits, can be computed as follows:
In principle, other effects of the reform could be studied as well, such as the change in the predicted probabilities of various counts.
Clearly, the simple Poisson model can be criticized on a number of grounds (see, e.g., Winkelmann, 2003) . To begin with, it does not allow for unobserved heterogeneity. Alternative models, such as the negative binomial model or the Poisson-log-normal model provide potentially more efficient estimators. Secondly, it ignores the panel structure of the data. There are up to five observations for a given person. The presence of an individual specific heterogeneity term will invalidate the assumption of independent sampling. Standard errors need to be adjusted to account for possible serial correlation. Alternatively, one can assume that the individual effects are constant over time and estimate a random effects panel model. Depending on the assumptions, such models again can be of a negative binomial or a Poisson-lognormal variety. Alternatively, one could suspect dependence between the individual effects and covariates. In this case, a fixed effects Poisson model is available. We will see in the application that the pooled Poisson model and the panel Poisson models provide quite similar effect estimates.
A third potential criticism is the single index structure of the Poisson regression model (and its generalizations above), which implies that once the mean is given all other aspects of the distribution are determined as well. In particular, the reform cannot have different effects in different parts of the distribution (relative to the Poisson probability function).
Structural Models
Historically, the most important generalization of the single index structure is the hurdle model (Mullahy, 1986 ). The hurdle model combines a binary model for the decision of use with a truncated-at-one count data model for the extent of use given use. Define d i D 1 if a person does not see a doctor in a given period, i.e., d i D 1 min 1, y . The probability function of the hurdle model is then given by
where
, and independence between hurdle and positive part is assumed. Estimation is simple, since the log-likelihood factors into two parts
To close the model, one needs to specify f 1 and f 2 . Choices for the hurdle function f 1 include: 
Choices for f 2 include:
The first four hurdle expressions for f 1 possess the advantage that, if combined with the appropriate distribution for f 2 , the hurdle model nests the base model. The probit assumption for the hurdle has the advantage that it can be easily generalized to a model with correlated hurdle, as shown below.
The hurdle model has been popular in the health literature, in part because it can be given a structural interpretation that seems to agree well with the intuition of a dual decision structure of the demand process. The first contact decision is made independently by the patient, whereas the treatment and referral decisions are influenced by the physician. Rightfully, Deb and Trivedi (2002, p. 602) note that 'in modeling the usage of medical services, the two-part model (i.e. hurdle model, my insertion) has served as a methodological cornerstone of empirical analysis'.
Deb and Trivedi then point out a potential incongruence between model assumptions and data situation: medical consultations are measured per period and not per illness episode. Moreover, healthy individuals consult physicians as well. As an alternative to the hurdle model, Deb and Trivedi advocate a finite mixture model in order to discriminate between frequent and less frequent users. Such a model can, for instance, capture unobserved differences with respect to the longrun state of health that affect constant as well as slope coefficients of the index function. For instance, let
where f j is a Poisson or negative binomial distribution, 1 C Ð Ð Ð C s D 1, and 0 < j < 1. For s D 2, the model has the same number of parameters as the hurdle model, and the two can be compared directly. Deb and Trivedi (2002, p. 601 ) find in a study based on data from the RAND Health Insurance Experiment 'strong evidence in favor of a latent class model'. Santos Silva and Windmeijer (2001) by contrast propose a model of the form
where Y is the total number of visits, R is the number of contacts per episode, and S is the number of episodes. This model thus accommodates a situation where more than one illness episode is possible within the observation period, and the number of visits per episode is a random variable with support 1, 2, 3,. . ..
iˇ , and R j D 1, 2, . . . are identically and independently logarithmic distributed with mean Appl. Econ. 19: 455-472 (2004) then one can show that Y is negative binomial distributed with
An Alternative Hurdle Model
It can be argued that the recent debate on the relative merits of two-part, mixture and multiple spell models takes too narrow a view by concentrating on modified negative binomial models. The negative binomial model has the attractive feature of a closed form probability function. And yet, it is frequently found that the Poisson-log-normal model (which can be derived assuming a Poisson model with unobserved heterogeneity in the linear predictor that has a normal distribution, whereas the negative binomial model assumes a log gamma distribution) provides a better fit, although the computation of probabilities requires numerical quadrature. With decreasing computational costs, the lack of a closed form probability function becomes less of a problem, and it may be worthwhile to explore a hurdle model based on the Poissonlog-normal model. The model is completed by assuming that ε i and u i are independently normally distributed with variance 1 and 2 , respectively. Thus, the individual likelihood contribution of the probit-Poissonlog-normal model is
where g u i is the standard normal density and d i D 1 min 1, y as before. The likelihood can be evaluated using Gauss-Hermite integration. One could take things one step further and let ε i and u i be bivariate normal distributed with covariance to obtain a model that might be referred to as a probit-Poisson-log-normal model with correlated errors. This is an appealing possibility, since it relaxes the assumption of conditional independence between the hurdle step and the distribution model for strictly positive outcomes. This assumption is violated if common unobservables affect both parts of the model. Moreover, this generalization is easily integrated within the current modelling framework. In particular, ε i ju i ¾ N u i / , 1 2 and
Thus one obtains
and
The correlation should be negative (due to the likely presence of common unobserved factors).
To give an example, for individuals with a (latent) dislike of physicians, P(no use) is high while E yjuse is low. While this model is relatively easy to implement, there are a number of problems that may limit its usefulness in practice. One problem is identification. Although the parameter is formally identified, results of Smith and Moffatt (1999) suggest that it may not be possible to identify the correlation parameter with enough precision in practice. Hence, this model is not necessarily an improvement on a model that assumes independence. In fact, I found in the following application that the correlation coefficient was insignificant despite the large sample size.
A second issue concerns the interpretation of the results. Selection models of this sort are interesting, because they can identify the parameters of a latent demand function, in the present context the latent demand for doctor visits for those who do not visit the doctor at all. The meaning of such a demand is difficult to define, which renders this latent demand of limited interest. As a consequence, I decided to report estimates from the independent probit-Poisson-log-normal model without correlated errors only.
Reform Effect in the Different Models
The ultimate goal of this paper is the evaluation of the reform effect, namely the ceteris paribus change in the distribution of doctor visits between 1996 and 1998. The appropriate formula for the Poisson model was already given in (3). Identical computations apply for the negative binomial and Poisson-log-normal models. In all cases, the reform effect can be summarized by the ceteris paribus change in the conditional expectation function. Moreover, due to the log-linear conditional expectation the proportional effect is independent of the values taken by other independent variables. Since the employed models are fully parametric, other aspects of the distribution can be studied as well, such as the effect of the reform on single probabilities. This effect in general will depend on values taken by other regressors.
For the structural models, the reform effect is more complex. Even if one considers mean responses only, these can now be decomposed into distinct sources. In the hurdle model for instance, the overall effect can be decomposed into an effect for the hurdle and an effect for positive counts. These two effects can complement or counteract each other. Similarly, in the finite mixture model the reform may impact differently on the two groups. Finally, in the multi-episode model, separate effects are identified for the number of spells and the number of referrals.
Formally, the computations of the reform effect in the three models are as follows: 
Except for the finite mixture model, the estimated effects will depend on the realized values of the other independent variables. The computations in the following section evaluate these effects at the sample means of the variables. Table I gives summary statistics for the variables involved in the analysis. The average number of doctor visits per quarter declined from 2.66 to 2.35 between 1996 and 1998. This is more than an 11% reduction in the number of quarterly visits. There was a 1% decline between 1995 and 1996, and a 2% increase between 1998 and 1999. Thus, the large drop in the number of visits clearly coincides with the timing of the reform. Also, the 1999 'counter' reform went hand in hand with an increased number of visits, again consistent with the hypothesis of a behavioural effect.
RESULTS
Throughout the sample period, there is a large fraction of non-users. The proportion is highest in 1998, when it reaches 37% of the sample, a 4.4 percentage point increase over the pre-reform year 1996. A simple Poisson distribution with parameter equal to the sample mean would predict a much lower proportion of non-users, e.g., 9.5% in 1998. Although this comparison does not take into account the variation generated by the regressors, it suggests the presence of extra zeros in the data.
The average age increased by less than a year between 1995 and 1999. This is a reflection of the fact that the panel is not balanced. One reason for this is that young people enter the sample and old people leave since the sample is restricted to those aged 20-60 at any point in time, in addition to attrition and non-response. The unemployment to population ratio captures the state of the business cycle. Indeed, it closely traces the movement of the official unemployment rate (see, e.g., Sachverständigenrat, 2000) that peaked at 11% in 1997 for former West Germany. Finally, Table I also informs about the other health-related variables used in the analysis. Interestingly, the statistics indicate a general improvement in the health status of the population between 1996 and 1998. The proportion of people in active sports increased from 25 to 31%, although these averages are very volatile. A steadier trend is observed for the self-reported health condition. The proportion of people reporting good health increased from 56 to 60%, while the proportion of people reporting poor health decreased from 14 to 13%. These trends are important for two reasons. Firstly, improvements in the perceived health might be able to explain part of the reduction in the number of doctor visits, and one should control for that in order to isolate the reform effect. Secondly, these improvements provide some evidence against the possibility that the reforms, while being successful in containing costs, actually worsened the general health status. Of course, these self-reports are only a very crude measure of health, and more research would be needed to study the long-term consequences of expenditure reductions in the health sector on public health. This is beyond the scope of the current analysis.
The estimates for the basic Poisson model, with and without individual specific effects, are displayed in Table II . The first column shows the estimates from a pooled Poisson model. The robust standard errors account for unobserved heterogeneity and correlation across time. The second column displays the result from a Poisson model with gamma distributed individual specific random effects (i.e., a panel negative binomial model). The fixed effects Poisson estimates are given in the third column. In this model, all time-invariant regressors have to be dropped, as well as all observations pertaining to individuals without variation in the dependent count. Most effects are robust to the particular model specification, and many of the results are common to those found elsewhere in the literature: men have less doctor visits than women, and the expected number of doctor visits is u-shaped in age. The health indicators have the largest effect among all variables, although the effect is somewhat attenuated in the panel models. Most importantly the coefficients on the year dummies indicate that there was a statistically significant decline in the expected number of doctor visits between 1996 and 1998 in all three model specifications. Based on the pooled Poisson model, the expected number of visits fell by 9.9%.
Six additional models were estimated using the same data: negative binomial, Poisson-lognormal, hurdle-negative binomial, finite mixture negative binomial with two components, multiepisode model, and the probit-Poisson-log-normal model. The following discussion of the models is guided by the following questions: Is the result found in the base Poisson model robust with respect to model choice? Can the Deb and Trivedi (2002) conclusion of the superiority of the Source: GSOEP, own calculations. Model in addition includes three quarterly dummies and indicators of employment status. Standard errors in parentheses (pooled model with robust standard errors to account for unobserved heterogeneity and serial correlation). The random effects model assumes gamma distributed individual effects.
finite mixture model over the hurdle model be confirmed? And to what extent can one uncover asymmetries in the responses to the reform in different parts of the distribution (i.e., attribute the mean effect to different sources)? There are several ways to discriminate between the models. Some of the models are nested (such as the Poisson and the negative binomial model), most of them are not (such as the finite mixture, the hurdle negative binomial and the multi-episodes models). Table III shows the loglikelihood values of the different models. Likelihood ratio tests clearly reject the Poisson model against the alternative models with unobserved heterogeneity. To pick the best model among all seven, a comparison of the simple likelihoods is a first indicator. One can compute for instance the average probability that the model has generated the data, denoted here as S. 
c Both hurdle and positive part are specified using the type 2 negative binomial probability function.
However, both the log-likelihood and the S statistics do not account for the fact that the number of parameters differ across the estimated models. Hence, the Schwartz Information Criterion (SIC) is included as well. The selection result stays the same regardless of what criterion is chosen. The new model with probit hurdle and log-normal unobserved heterogeneity offers a substantial improvement over all other models. One should also point out that the results corroborate the Deb and Trivedi (2002) conclusion that the finite mixture negative binomial model outperforms the hurdle negative binomial model. Thus their result can be interpreted as evidence against the particular hurdle parameterization, but not against hurdle models in general.
To analyse the particular relationship between the two hurdle models, the finite mixture model and the multi-episode model more formally, one can use Vuong's (1989) test for model selection among non-nested models. This test does not require either of the two models to be correctly specified, but rather picks the model that is closer to the true distribution. The test is directional and symmetric. Under the null hypothesis that the two models are equivalent, the test statistic
log f y i jx i log g y i jx i 2 is standard normally distributed. Note that the numerator is nothing else than the log of the likelihood ratio. In the present setting, one needs to realize that the models are, in the terminology of Vuong (1989) , overlapping rather than strictly non-nested. For example, the probit-Poisson-lognormal model and the hurdle negative binomial can both be reduced to a simple Poisson model under appropriate parameter restrictions. Following Vuong (1989) , therefore, a pre-test is generally required before the usual statistic can be computed. However, in practice it is sufficient to establish that the condition for overlap can be rejected in each model (see Vuong, 1989, footnote 6) , which is the case in all of the models.
To implement the test, one chooses a critical value c from the standard normal distribution. If the value of the statistic is greater than c, one rejects the null hypothesis of equivalence against the alternative that model f is better than model g. If the test statistic is smaller than c, g is better than f. The test statistic for the probit-Poisson-log-normal against the finite mixture model is 5.7, against the hurdle negative binomial model 13.7, and against the multi-episode model 12.1. Hence, the null hypothesis is rejected in all three cases in favour of the new model. A comparison of finite mixture and hurdle models has a test statistic of 5.7.
Table IV reports the parameter estimates for the probit-Poisson-log-normal model. The first column gives the coefficients for the hurdle part, the second for the positive part. Due to the parameterization of the model (the hurdle is parameterized for the event of no visit), the coefficients should normally be of opposite sign, implying that the effect of a variable on the probability of use and on the extent of use, given use, go in the same direction. The sign and magnitude of the effects is determined by the data and not imposed a priori. The 'sign test' indeed shows only one deviation, in the case of the variable 'education'. For the variable 'active sport', the 455-472 (2004) impact on the probability of non-use is statistically significant but the impact on the positives is insignificant.
The size and composition of the reform effect, measured by the percentage reduction in the expected number of doctor visits, for each of the models under consideration is listed in Table V . The estimates for the base model, with or without unobserved heterogeneity, are all in the same range, varying between 9.9 and 10.4%. These estimates are substantially above those of the Lauterbach et al. study, which reported a decline of 4.5%. How can these two findings be reconciled? It is possible that the differences have to do with the low response rate in their survey, or the way the question was posed that differs from the GSOEP approach. The analysis of this paper suggests, however, a more fundamental reason, namely the fact that the Cologne study sampled individuals on-site and thus overrepresented heavy users. If it is the case that heavy users have a lower demand elasticity than occasional users, the two findings can be reconciled.
The structural models estimated above can exactly deal with this question of different elasticities in different parts of the distribution. Table V confirms that such a differential effect is present indeed. This is most obvious from the probit-Poisson-log-normal estimates. The reduction is greatest at the left margin of the distribution: the probability of being a user (at least one visit) decreased by an estimated 6.7% between 1996 and 1998, whereas the expected number of visits, conditional on use, decreased only by an estimated 2.6%. Compare this to the alternative of a single Poisson-log-normal model without hurdle. In this case, the implied changes are 3.0% for P Y > 0 and 6.1% for E YjY > 0 , respectively. Hence, the evidence clearly suggests an excess sensitivity at the left tail of the distribution.
This important result is confirmed by the other two structural models, although quantitative details differ. The finite mixture model separates the population into two groups. Two-thirds of the population belong to a low-user group with a mean number of quarterly visits of 1.6, and one-third belongs to a high-user group with a mean number of 3 visits per quarter. Consistent with the above argument, the low-user group shows a larger response to the reform, with a 13% reduction. Similarly, in the multi-episode model, the effect on the number of spells is much greater than the effect on the number of referrals (which actually are estimated to have slightly increased 455-472 (2004) by 1.3%). In each case, the two effects add up to a combined effect in the neighbourhood of a 10% reduction in the number of visits between 1996 and 1998.
DISCUSSION
The analysis showed that the German health care reform of 1997 affected the left tail much more than the positive part of the distribution of the number of doctor visits. To the extent that the positive part represents the subpopulation of the seriously or chronically ill, whereas the left end of the distribution represents the healthy, this might have been an intended consequence of the reforms. How reasonable is it to interpret the uncovered reform effects as causal? Identification is achieved by studying variation in the demand for doctor visits over time. Thus, it is assumed that other things did not change concurrently, beyond the individual socioeconomic characteristics controlled for in the regression. It is hard to imagine what these other things should have been. It is unlikely that the underlying unobserved health status varied substantially between the two years beyond the controls, or that a health epidemic of major proportion hit in 1996 but was absent in 1998.
A further potential confounder is the business cycle. In times of high unemployment, employed people may reduce their demand for doctor visits to a minimum, in order to reduce the risk of being perceived as a shirker. However, West German unemployment rates were very similar in the two years (9.1% in 1996 versus 9.2% in 1998), making this an implausible explanation as well.
Certainly, future work needs to pursue these issues further. Such work can build on the methodological insights of this paper. When studying the effects of reforms on the demand for doctor visits, hurdle or two-part models should be given serious consideration. Of course, these models are only one possible way to generalize the rigid assumptions underlying single index models such as the standard Poisson or negative binomial regressions. A very promising alternative, quantile regression models for count data, is currently being developed by Machado and Santos Silva (2002) .
APPENDIX: THE DATA SET
The data are extracted from the German Socio-Economic Panel, 1995 . I use observations on men and women aged 20-60 from Sample A, i.e., persons associated with non-guestworker households in the original sample for West Germany. Privately insured individuals (about 6% of the sample) are excluded from the analysis. Accounting for observations with missing values on any of the dependent or independent variables, the final sample comprises 32,837 observations.
Definition of Variables
Doctor consultations is the self-reported number of visits to a doctor during the three months prior to the interview. Male is an indicator variable taking the value of one if the individual is male. Education is educational levels, measured in years of schooling.
Married is an indicator variable taking the value of one if the individual is married. Household size is the number of persons living in the household. Active sport is an indicator variable taking the value of one if the individual participates in sports at least once a week. Good health is an indicator variable taking the value of one if the individual classifies his/her own health as either 'very good' or 'good'. Bad health is an indicator variable taking the value of one if the individual classifies his/her own health as either 'very bad' or 'bad' ('fair' is the omitted reference category). Full-time employed is an indicator variable taking the value of one if the individual is in full-time employment at the time of the interview. Part-time employed is an indicator variable taking the value of one if the individual is in part-time employment at the time of the interview. Unemployed is an indicator variable taking the value of one if the individual is unemployed at the time of the interview. Log(income) is the logarithmic household equivalent income, where the OECD scale has been applied (weight of 1 for the first person, 0.7 for the second person, and 0.5 for each additional person). Income is expressed in 1995 values using the CPI deflator published by Sachverständigenrat (2000) .
